ABSTRACT Biodiversity and its responses to environmental changes are central issues in ecology and for society. Almost all microbial biodiversity research focuses on "species" richness and abundance but not on their interactions. Although a network approach is powerful in describing ecological interactions among species, defining the network structure in a microbial community is a great challenge. Also, although the stimulating effects of elevated CO 2 (eCO 2 ) on plant growth and primary productivity are well established, its influences on belowground microbial communities, especially microbial interactions, are poorly understood. Here, a random matrix theory (RMT)-based conceptual framework for identifying functional molecular ecological networks was developed with the high-throughput functional gene array hybridization data of soil microbial communities in a long-term grassland FACE (free air, CO 2 enrichment) experiment. Our results indicate that RMT is powerful in identifying functional molecular ecological networks in microbial communities. Both functional molecular ecological networks under eCO 2 and ambient CO 2 (aCO 2 ) possessed the general characteristics of complex systems such as scale free, small world, modular, and hierarchical. However, the topological structures of the functional molecular ecological networks are distinctly different between eCO 2 and aCO 2 , at the levels of the entire communities, individual functional gene categories/groups, and functional genes/ sequences, suggesting that eCO 2 dramatically altered the network interactions among different microbial functional genes/ populations. Such a shift in network structure is also significantly correlated with soil geochemical variables. In short, elucidating network interactions in microbial communities and their responses to environmental changes is fundamentally important for research in microbial ecology, systems microbiology, and global change.
cellular networks based on gene expression data (13) , such as differential equation-based network methods, Bayesian network methods, and relevance/coexpression network methods (14) . The correlation-based relevance network methods are most commonly used for identifying cellular networks (14) based on gene expression data because of their computational simplicity and the nature of microarray data (typically noisy, highly dimensional, and significantly undersampled) (13) . However, most methods for relevance network analysis use arbitrary thresholds, which are often determined based on known biological information (15) . Thus, the network structure largely depends on the thresholds chosen. It is difficult to select appropriate thresholds, especially for poorly studied organisms. We have previously developed a novel random matrix theory (RMT)-based approach to automatically identify cellular networks from microarray data (16, 17) . Our results indicated that this approach is a reliable, sensitive, and robust tool for modular network identification and gene function prediction through high-throughput genomic data (16, 18, 19) .
Here, we describe the novel RMT-based network approach (16, 17) to delineate and characterize functional molecular ecological networks (MENs) in microbial communities based on GeoChip hybridization data by addressing the following questions. (i) How can the functional molecular ecological networks in microbial communities be identified based on high-throughput GeoChip hybridization data? (ii) Does elevated CO 2 (eCO 2 ) have an impact on the functional network structure of soil microbial communities? To answer these questions, a novel conceptual framework of MENs has been developed for identifying and characterizing interaction networks in microbial communities based on high-throughput GeoChip hybridization data derived from the microbial communities under both eCO 2 and ambient CO 2 (aCO 2 ) in a multifactor grassland FACE (free air, carbon dioxide enrichment) experiment, BioCON (biodiversity, CO 2 , and nitrogen deposition), at the Cedar Creek Ecosystem Science Reserve in Minnesota (20) . Our results indicated that the functional ecological networks in microbial communities can be discerned using the RMT-based network approach and that eCO 2 has a significant impact on network interactions of microbial communities.
RESULTS

Molecular ecological networks.
The detection and quantitation of microorganisms often rely on individual genes or gene-like DNA fragments such as 16S rRNA genes, functional genes, and intergenic regions. Based on gene abundance data, a network graph can be developed to represent the ecological interactions (links) of different gene markers (nodes) in a microbial community (21) . Strictly speaking, the ecological networks determined in this way should reflect the interactions among different microbial populations carrying the OTUs (operational taxonomic units) or functional genes of interest rather than individual "species" in a microbial community. Thus, to avoid confusion, we especially refer to such molecule-based networks in microbial communities as MENs, in which OTUs or functional genes (nodes) are connected by pairwise interactions (links). In addition, MENs derived from phylogenetic gene markers (i.e., 16S rRNA gene sequencing data) are referred to as phylogenetic MENs (pMENs), whereas MENs derived from functional gene markers (e.g., GeoChip hybridization data) are called functional MENs (fMENs).
A general framework of MEN analysis is illustrated in Fig. 1 . First, high-throughput metagenomic data (e.g., large-scale sequencing and functional gene array hybridization) are collected and appropriately transformed. Then, a pairwise Pearson correlation between any two genes is estimated based on the gene abundance data and the absolute value of the pairwise correlation coefficient is used to measure their similarity. As a result, a similarity matrix is obtained, which is subsequently transformed into an adjacency matrix by applying a threshold to the correlation values based on an RMT approach. Once the adjacency matrix, which measures the strengths of the connections between nodes, is defined, module analysis and network characterization are performed. Summing the strengths of the connections of each gene with all of the other connected genes yields a single network parameter, connectivity, which represents how strongly that gene is connected to all of the other genes in the network. In addition, the relationships of topological network characteristics (e.g., connectivity) to the sample traits of interest are evaluated to understand the importance of network properties in determining community functions.
Identification of functional MENs. Based on RMT, two universal extreme distributions of the nearest-neighbor spacing distribution of eigenvalues are predicted. One is Gaussian orthogonal ensemble (GOE) statistics, which reflects the random properties of complex systems. The other is Poisson distribution, which is related to the system-specific, nonrandom properties of complex systems (22) . The two predictions should be applicable to ecological communities if they are universal to complex systems based on RMT. Thus, we assume that there is a transition of the nearestneighbor spacing distribution of eigenvalues from GOE to Poisson distributions, and this transition can serve as a reference point to distinguish random noise from system-specific, nonrandom properties embedded in high-throughput metagenomic data. This reference point is mathematically defined and can be used as a threshold to identify MENs in an automatic and objective fashion (16) .
To discern the ecological network structure in microbial communities, GeoChip-based microbial community functional diversity data from aCO 2 and eCO 2 were analyzed using the RMTbased network approach (16, 17) . Clear transitions of the nearestneighbor spacing distribution of eigenvalues from GOE to Poisson distribution were observed for grassland microbial communities under aCO 2 and eCO 2 , as indicated by the existence of a similarity threshold in Table 1 . These results suggested that the two universal predictions based on RMT are applicable to the microbial communities examined. The transition points were used as the similarity thresholds (s t ) for network construction. Based on the RMT approach, the thresholds were determined to be 0.80 for both microbial communities (Table 1) . If two genes have a correlation larger than this threshold, 0.80, this correlation is highly significant (P Ͻ 0.0018) based on the Fisher transformation test. This is also consistent with our previous analyses of gene coexpression networks which showed that the RMT-based approach is able to effectively remove random noise inherent in high-throughput microarray hybridization data (16, 23) . Thus, these results suggested that the RMT-based network approach can be used to identify the network structure of microbial communities based on array hybridization data.
General characteristics of functional MENs. To understand whether the identified fMENs have a network topology similar to that of other complex systems, several important general network features, such as scale free, small world, modular, and hierarchical (15, 24, 25) , were examined. A scale-free network is a network whose connectivity follows a power law, at least asymptotically; that is, a few nodes in the network have many connections with other nodes while most of the nodes have a few connections. Also, a small-world network is a network in which most of the nodes are not neighbors of one another but most of the nodes can be reached from every other node by a small number of steps.
The degree distributions (or connectivity) in all of the constructed fMENs fit the power law model well, with typical correlation values of Ϫ0.89 to Ϫ0.94, respectively (Table 1; see Fig. S1 in the supplemental material), indicating that the fMENs in these microbial communities exhibited scale-free behavior, at least approximately. Also, the path length and clustering coefficients were significantly different from those of the corresponding random networks with the same network size and average number of links (Table 1) and were comparable to those in other networks displaying small-world behavior, indicating that the MENs in these microbial communities show typical small-world characteristics.
Many networks in biological and engineering systems are modular (24) . In the fMENs examined here, a module is a group of functional genes that are highly connected among themselves but have few connections with the functional genes belonging to other modules. The two fMENs examined were modular, with a significantly higher modularity (M) than those from the corresponding random networks (Table 1) .
Hierarchy is a central organizing principle of complex networks, but there is no formal definition of hierarchical topology (26) . One of the most important signatures of hierarchical modular organizations is that the scaling of clustering coefficients follows C(k)~k Ϫ␥ , in which k is connectivity and ␥ is a constant. By log transformation, we will have log[C(k)]~Ϫ␥ log(k); that is, the logarithms of clustering coefficients have a linear relationship with the logarithms of connectivity. The clustering coefficients for the MENs examined followed log[C(k)]~Ϫ␥ log(k) (r ϭ Ϫ0.31Ϫ 0.85, P Ͻ 0.001), suggesting that all of the MENs examined here appeared to be hierarchical. However, it should be cautioned that global network properties such as the average shortest pathway, degree distribution, and clustering coefficient may fail to capture potentially important network structure features (27) .
Impact of eCO 2 on the architecture of whole MENs. Although identical thresholds were used to define the network, the network size was considerably bigger under eCO 2 than under aCO 2 (Table 1). Also, the network composition was substantially different. Only 129 (43%) nodes of the fMENs were shared by eCO 2 and aCO 2 . However, the connectivity values for the genes shared by these two networks were significantly correlated (r ϭ 0.379, P Ͻ 0.001).
Various network indexes were calculated separately for both fMENs under eCO 2 and aCO 2 . To test their statistical significance, a The number of genes that were originally used for network construction using the RMT-based approach. b The number of genes (i.e., nodes) in a network. c The correlation coefficient (r) of the linear relationship in log[P(k)]~Ϫ␥ log(k), where P(k) is the fraction of connectivity k and ␥ is a constant. d The random networks were generated by rewiring all of the links of a MEN with the identical numbers of nodes and links to the corresponding empirical MEN. e Significant difference (P Ͻ 0.001) between aCO 2 and eCO 2 . f GD, geodesic distance.
100 random networks corresponding to both fMENs were also generated, respectively. The standard deviations of individual indexes were estimated based on their corresponding random networks and used for the Student t test of their significance between eCO 2 and aCO 2 . All of these indexes were significantly different (P Ͻ 0.001) between aCO 2 and eCO 2 (see Table S2 in the supplemental material), indicating that the overall network structures of these two microbial communities were distinctly different. Interestingly, compared to aCO 2 , the fMENs at eCO 2 generally had significantly higher connectivity, shorter path lengths, higher clustering efficiencies, and more modules (Table 1) , which are key network properties in terms of system efficiency and robustness (15, 28) . All of the above results suggested that eCO 2 could have a significant impact on the overall architecture of the fMENs in these grassland microbial communities and that the overall network composition and structure are not well conserved between eCO 2 and aCO 2 . Totals of seven and eight modules with more than five nodes were obtained for the networks under aCO 2 and eCO 2 , respectively (see Fig. S2 in the supplemental material). The sizes of these modules vary substantially, ranging from 6 to 59 nodes (see Fig. S2B and D in the supplemental material). These networks also differed significantly from each other in modularity (M) ( Table 1 ). Fisher's exact test showed that no modules can be statistically paired between eCO 2 and aCO 2 , suggesting that these two networks are even less conserved at the modular level.
Effects of eCO 2 on the network interactions of functional gene categories/groups. To examine the effects of eCO 2 on the network interactions at the levels of functional gene categories/ groups, the network members were classified based on their associated functional gene groups. Consistent with the overall network topology, the network structures, as measured by average connectivity, average clustering coefficients, average path lengths, and modularity, were significantly different between eCO 2 and aCO 2 for the genes involved in C, N, P, and S cycling (see Fig. S3 in the supplemental material). They were also distinctly different from the corresponding random networks. Similar to the entire networks, all of these subnetworks had significantly higher connectivity, shorter path lengths, and higher clustering efficiencies under eCO 2 than under aCO 2 (see Fig. S3 in the supplemental material).
The impact of eCO 2 on network structure could also be reflected at the functional gene group level.
Because most (57%) of the nodes were not shared by these two networks (see Table S3 in the supplemental material), for making a meaningful direct comparison, only the shared nodes from individual functional gene groups in these two networks were considered. As expected, the network complexities of individual functional gene groups, as measured by the node number, the average connectivity of the shared nodes, and the Shannon diversity of the connectivity among various functional groups, were also considerably different between aCO 2 and eCO 2 ( Fig. 2 ; see Table S3 in the supplemental material). The network complexity for most functional gene groups was generally higher under eCO 2 than under aCO 2 . For instance, the numbers of nodes for C fixation (pmL, rbcL), N fixation (nifH), and sulfate reduction (dsrA) were substantially higher under eCO 2 than under aCO 2 (Fig. 2) . These results suggested that eCO 2 substantially altered the network structure among various microbial functional gene groups in this grassland ecosystem.
Differential influences of eCO 2 on network interactions of individual functional genes/sequences. To determine how eCO 2 affects the network structure of individual functional genes/sequences, the connectivity and clustering coefficients for the individual nodes shared by these two networks were estimated, followed by paired t tests to examine their statistical significance. Significant differences in connectivity (P ϭ 8.7 ϫ 10 Ϫ11 ) or clustering coefficients (P ϭ 1.63 ϫ 10 Ϫ5 ) were observed between these two networks under eCO 2 and aCO 2 . These results suggested that eCO 2 significantly shifted the network structure of individual functional genes.
Since the structure of the entire networks is too complicated to display, only very limited numbers of key nodes with higher connectivity were considered. The top six functional genes with the highest connectivities under eCO 2 were examined (Fig. 3) . The network interactions among the top six functional genes of the entire networks under eCO 2 (Fig. 3A) were distinctly different from the network interactions of the corresponding genes under aCO 2 (Fig. 3B) . These six genes under eCO 2 had far more complicated network interactions than the corresponding genes under aCO 2 in terms of network size, connectivities, and clustering coefficients (Fig. 3C) . In contrast, the identities of the highestranked genes under aCO 2 (see Fig. S4A in the supplemental material), based on connectivities, were substantially different from those under eCO 2 (Fig. 3A) . The network interactions of these top key genes under aCO 2 are also quite different from the corresponding genes under eCO 2 (see Fig. S4A and B in the supplemental material). eCO 2 had differential influences on the network interactions of various individual functional genes/sequences (see Table S3 in the supplemental material). Due to limited space, it is not possible to describe them in detail here. Thus, we picked nifH genes as an example because our previous results showed that the total abundance of nifH genes increased much more than that of other functional genes under eCO 2 (29) and the connectivities for all of the shared nifH genes in N fixation were significantly different be- tween eCO 2 and aCO 2 based on a pairwise t test (P Ͻ 0.001) (see Table S4 in the supplemental material). The N-fixing populations monitored by nifH genes had far more complex network interactions with other functional groups of diverse phylogenetic compositions under eCO 2 (Fig. 4A ) than under aCO 2 (Fig. 4B) . Also, under eCO 2 , several nifH hubs (e.g., 110630622, 89512768, and 76667345) were observed and each formed a separate module interacting with various other functional groups (Fig. 4) . In addition, the top nifH network hub from an uncultivated bacterium (GenBank ID: 110630622) (see Table S4 in the supplemental material) had positive interactions with many functional gene groups of diverse phylogenetic origins (indicated by the colors of the nodes), such as those involved in N fixation, denitrification, C fixation, C degradation, sulfate reduction, sulfur oxidation, and P utilization (Fig. 5A) . Positive interactions may reflect commonly preferred conditions or cooperative behaviors such as cross feeding, syntrophic interactions, and mutualistic interactions (6) . However, the same N fixer had very few interactions with other functional gene groups under aCO 2 ( Fig. 5B ; see Table S4 in the supplemental material). These results also suggested that eCO 2 dramatically changed the network interactions of various microbial functional genes/populations in the grassland ecosystem.
Association of network structure with ecological functional traits. Since microorganisms mediate important biogeochemical cycles of C, N, and P in soils, one intriguing question is whether the network interactions altered under eCO 2 are relevant to soil geochemistry and plant productivity. To discern the relationships among microbial network interactions, soil properties, and plant variables, Mantel tests were performed. Because using many unrelated individual variables may mask the signature of any significant variables, the trait-based gene significance measure (30) , defined as the square of the correlation between the signal intensity of a gene and each soil or plant variable, was used to identify common subsets of soil and plant variables important to network interactions. Partial Mantel tests revealed very strong correlations between gene connectivity and the gene significance of the selected soil variables based on all of the genes detected or on subsets of the genes involved in recalcitrant C degradation (P Ͻ 0.05) or N fixation (P Ͻ 0.01) under eCO 2 . Also, a strong correlation between gene connectivity and the gene significance of the selected plant variables was obtained based on all of the genes detected that are involved in N cycling (P Ͻ 0.001). However, none of them were significant (P Ͻ 0.05) under aCO 2 . These results suggested that the microbial community network interactions were, to some extent, related to soil and plant variables and that eCO 2 could have a significant impact on such relationships. The network interactions for these microbial functional genes were complex under eCO 2 but simple under aCO 2 , suggesting that eCO 2 has a significant impact on the network interactions among key functional genes/populations in the grassland soil microbial communities. The gene are chi (endochitinase), bcsG (endoglucanase), chi36 (exochitinase), exg (exoglucanase), lip (lignin peroxidase), mnp (manganese peroxidase), pglA (pectinase), phox (phenol oxidase), xyn (xylananase), CODH (carbon monoxide dehydrogenase), FTHFS (tetrahydrofolate formylase), pcc (propionyl coenzyme A carboxylase), rbcL (ribulose-1,5-bisphosphate carboxylase oxygenase), mcrA (methyl coenzyme M reductase), pmoA (methane monooxygenase), nifH (nitrogenase reductase), nirK (nitrite reductase), nirS (nitrite reductase), nrfA (c-type cytochrome nitrite reductase), ppk (polyphosphate kinase), ppx (exopolyphosphatase), dsrA (dissimilatory sulfite reductase), and sox (sulfite oxidase).
DISCUSSION
Microorganisms play critical roles in biogeochemical cycling of C, N, S, P, and various metals, but the precise roles of many microorganisms in these cycles are unknown (31) . Elucidating their network interactions and linking them to ecosystem processes and functions is difficult. Although the availability of communitywide metagenomic data across many replicated samples offers an unprecedented opportunity to examine the network interactions in microbial communities, identifying network structure with such high-throughput metagenomic data is very challenging. Based on highthroughput metagenomic data such as array hybridization, a conceptual framework for studying functional network interactions in microbial communities has been developed in this study. The applications of network approaches to microbial communities could also provide a general framework for assessing the consequences of environmental disturbances at the whole-community level, which can serve as the first step toward a predictive microbial ecology within the context of global environmental change (6).
The RMT-based approach presented here provides a reliable, sensitive, and robust tool for identifying MENs with several main advantages. First, this approach was developed based on the two universal laws of RMT, and hence it is based on a sound theoretical foundation. Thus, it should be applicable to a variety of complex systems such as cells, communities, and ecosystems. Second, the threshold for defining a MEN is automatically defined based on the data structure itself rather than artificially chosen, and thus, no ambiguity occurs in identifying MENs. Third, since RMT is powerful for removing noise from nonrandom, systemspecific features, the identified network is reliable, as clearly demonstrated in identifying transcriptional networks (16) . In contrast to other approaches, such as those based on permutation testing (7, 32) , the thresholds of correlation defined by RMT for defining networks are generally substantially higher. Consequently, the networks identified should be highly robust. Fourth, this RMT approach has potential for analyzing heterogeneous ecological data sets (e.g., hybridizations, sequencing, geochemistry) or combinations thereof. This could be particularly
FIG 4 Network interactions of microorganisms containing nifH genes under eCO 2 (A) and aCO 2 (B).
Microorganisms containing nifH genes formed complex network interactions with other functional groups, and some nifH-containing populations serve as central hubs in this community. The networks were constructed by the RMT-based approach with the GeoChip data from eCO 2 and aCO 2 and only shared nifH nodes, and their nearest neighbors in the network are shown here. The nifH genes detected in both fMENs of aCO 2 and eCO 2 are displayed with a bigger node size. The gene designations are explained in the legend to Fig. 3 . The numbers represent the GenBank protein IDs to differentiate different nifH genes because most of them represent uncultivated microorganisms. important for linking network structure to ecosystem functioning. In addition, unlike local similarity analysis (7), which deals with time series data, this approach can be used to analyze both spatial and temporal data sets. However, the networks in this study are constructed based on Pearson correlation, which assumes a linear relationship between correlated variables. Some other, nonlinear, correlation methods, such as local similarity analysis (7), should be considered for further improvement of the RMT-based network approach.
Knowledge of network topology (e.g., scale free and small world) is important because the same or similar architecture among different types of networks (e.g., biological, physical, and social networks) may reveal common organizing principles of complex systems, and the shape of the degree distribution greatly affects the stability of the complex systems (15) . Several recent studies indicated that most food webs did not display small-world patterns and scale-free structure, except for a few (33, 34) . Food webs could be fitted with different functional forms, including power law, truncated power law, exponential, and uniform distributions (34) . It appears that most food webs follow exponential distribution (35) . Also, most of the mutualistic networks examined follow the truncated power law distribution. In contrast to the above two types of ecological networks, the fMENs presented here displayed small-world effects and the power law distribution, which are more similar to many cellular networks (15) such as protein-protein interaction networks, gene expression networks, and some metabolic networks. Further studies are needed to understand the unique characteristics, origins, evolutionary mechanisms, and dynamics of MENs.
Modularity is an inherent characteristic of many large complex systems, including many technological, biological (e.g., proteinprotein interaction networks, gene expression), and social networks (15, 24, 26, 28, 36) . In cellular networks, modularity is an evolved property that could enhance the flexibility of generation of various phenotypes during development (28) . Modularity of gene regulation is essential to handle diverse and complex stimuli and responses. In ecology, a module is a group of species that interact strongly among themselves but little with species in other modules (known as compartmentalization) (37) . Modularity in an ecological community may reflect habitat heterogeneity, physical contact, functional association, divergent selection, and/or phylogenetic clustering of closely related species (36) . Modules with their component species may even be the key units of coevolution. Food webs are traditionally considered representative examples of ecological modularity. Recently, it was shown that all larger pollination networks are modular (36) . Similar to food webs and pollination networks, our results showed that functional MENs are also modular. The presence of genes in the same modules could signify that the microorganisms carrying these genes have similar ecological niches. In addition, many different functional genes, such as nifH, belong to different modules and serve as hubs in different modules. This could be a unique predominant feature in ecological networks due to the existence of many redundant populations.
The fMENs identified possess the general features of many cellular networks with the hierarchical, modular, small-world, or scale-free network architecture, which could have important implications for the robustness and functional stability of ecosystems (15, 28) . A small-world pattern facilitates efficient, rapid communication among different members within a system so the system can make quick responses to environmental changes such as elevated atmospheric CO 2 . On the other hand, the short path length will allow the local perturbations to reach the whole network quickly so that that network structure, as well as the functions, could be altered. However, the characteristics of modularity will help to minimize the effects of local perturbations on the system as a whole by containing perturbations and damage at a local level (28) , whereas the hierarchical organization of various modules ensures that communication between modules and network hubs is relatively quick. Also, while a scale-free network is unperturbed by the random loss of nodes, it is vulnerable to attacks to network hubs (15) . However, such vulnerability can be reduced or improved by the nonrandom organization of similar functional genes as hubs in multiple modules. As a result, a loss of one module hub will not have too much of an impact on the functional stability of the system as a whole. Therefore, as a whole, the overall microbial community could rapidly respond to environmental changes and remain robust in the face of random and specific perturbations via the balance of the advantages and disadvantages of various network topological characteristics for system functional stability.
Understanding the responses of biological communities to environmental change, especially anthropogenic change, is a central issue in ecology and evolution and for society. Due to the increased input of C into soil and associated chemistry under eCO 2 , it is also expected that the composition and structure of microbial communities will be markedly altered under eCO 2 , as demonstrated by our previous study (29) . Although it is known that environmental changes such as acidification, habitat modification, and hydrological disturbance have profound effects on ecological networks (38) , this has not yet been explored in microbial communities due to the lack of appropriate technologies. The MENs developed in this study provide an appropriate framework in which to explore the possible effects of environmental changes on microbial community structure. Also, our results indicated that under eCO 2 , the network interactions for most of the functional gene groups become more complex than those under aCO 2 . This is consistent with our previous results showing that both the functional and phylogenetic structures of microbial communities were dramatically altered by eCO 2 (29) . Besides, such a shift in network structure is significantly correlated with soil geochemical variables. These results, along with those of our previous studies (29) , suggested that global climate change factors such as eCO 2 have a significant impact on not only the functional structure of grassland microbial communities but also their network interactions.
In summary, the analytical approaches and results presented here are important for studies on ecology, global change biology, and microbiology. First, traditionally, most biodiversity studies of microbial communities have just used information on the number of species and the abundance of each species, but no sufficient experimental data with many genes/populations across different samples were available for characterizing the interactions among different microorganisms. This study provides a novel conceptual framework for studying network interactions among different microbial populations, which is an essential component of biodiversity studies. Also, understanding the responses and mechanisms of biological communities to global change is a central goal for ecologists (39, 40) . As demonstrated by this study, the network interactions for most of the functional gene groups become more com-plex under eCO 2 than under aCO 2 . Thus, it is apparent that global climate change factors such as eCO 2 could have a fundamental impact on network interactions at the levels of entire communities, individual functional gene categories/groups, and functional genes/sequences. To our knowledge, this is the first study to demonstrate the changes in the network interactions of microbial communities in response to eCO 2 . In addition, metagenomics has emerged as a cutting-edge 21st-century science but one of the greatest challenges is how to use such information to understand community-level functional processes. This study provides unique tools for discerning network interactions based on metagenomic data. Thus, in short, the MEN framework developed should have a profound impact on the study of biodiversity, global change biology, ecosystem ecology, and systems microbiology.
MATERIALS AND METHODS
Sampling site and GeoChip data collection. Network analysis was conducted with the microbial communities of the soil samples from the Biocon experiment located at the Cedar Creek Ecosystem Science Reserve in Minnesota (45°N, 93°W). Plots were established in 1997 on a secondary successional grassland on a sandy outwash soil after removing the previous vegetation (41) . The main Biocon field experiment has 296 (of a total of 371) evenly distributed plots (2 by 2 m) in six 20-meter-diameter rings, three for an aCO 2 concentration of 368 mol/mol and three for an eCO 2 concentration of 560 mol/mol using a FACE system (42) . In this study, 24 plots (12 for aCO 2 and 12 for eCO 2 , all with 16 species and no additional N supply) were used. The experimental analyses of these plots (e.g., soil chemistry, plants, GeoChip hybridization, and data preprocessing) are described elsewhere (29) . Since this study focused on the impact of eCO 2 on ecosystem functional processes, only the genes involved in the cycling of nutrient such as carbon (C), nitrogen (N), phosphorus (P), and sulfur (S) were used for network analysis. Because we are more interested in the network interactions among different microbial functional groups, only the representative commonly used signature genes for various functional gene groups were selected for the network analysis. In most cases, only those genes detected in half or more than half of the total samples (majority rule) were kept for subsequent network constructions.
Network construction. Two MENs were constructed. The experimental data used for constructing fMENs were generated by GeoChipbased microarray analysis (29) . The GeoChip hybridization intensity data were log transformed before the construction of a Pearson correlation matrix, which is commonly used for constructing gene expression networks (30) . Logarithmic transformation improves data statistical properties by stabilizing the variations in signal intensity. The correlation matrix was then converted to a similarity matrix, which measures the degree of concordance between the abundance profiles of genes across different samples by taking the absolute values of the correlation matrix (30, 43) . Subsequently, an adjacency matrix, which encodes the connection strength between each pair of nodes, was derived from the similarity matrix by applying an appropriate threshold, s t , which was defined using the RMT-based network approach as previously described (16, 17) .
Network characterization. The Cytoscape 2.6.0 (44) software was used to visualize the network graphs. Other information about genes, e.g., taxonomy, relative abundance, and edge information, e.g., weights and positive and negative correlations, was also imported into the software and visualized in the network figures. Since we are interested in the impact of eCO 2 on network interactions, the fMENs were constructed separately under aCO 2 and eCO 2 .
Various indexes, including average degree (connectivity) (45), betweenness (46) , stress and eigenvector centrality (46) , average clustering coefficient (47, 48) , vulnerability (49) , average geodesic distance (45) , geodesic efficiency and harmonic geodesic distance (50), density and transitivity (51) , and connectedness (52) , were used to describe the properties of individual nodes in the network and the overall topologies or structures of the different networks. In general, the network index, connectivity (k i ), is calculated by summing the strengths of the connections (i.e., links) of each gene (i.e., node) with all of the other connected genes in the network. Connectivity represents how strongly a gene is connected to other genes and is one of the most commonly used network indexes. The definitions and calculations of other indexes are provided in Table S1 in the supplemental material. Most calculations were accomplished through the sna and igraph packages in the R project (53, 54) . Those overall topological indexes in part II (see Table S1 in the supplemental material) describe the overall network topology from different angles, and thus they are useful in characterizing various fMENs identified under different conditions.
To characterize the modularity property of fMENs, each network was separated into modules, which were usually considered functional units in biological systems (36, 55) . Modularity (M) measures the extent to which nodes have more links within their own modules than expected if linkage were random. The modules were detected by the modularity detection method as described previously (56) . After scanning all of the branches of the hierarchical tree of a graph, the level with the maximum modularity score was used to separate the graph into multiple dense subgraphs. The modularity of each network (M) was calculated as previously described (56) .
Random network construction and network comparison. Since only a single data point of each overall network index was available for each network parameter, standard statistical analysis could not be performed to assess their statistical significance. Thus, random networks were generated using the Maslov-Sneppen procedure (57) . This method keeps the numbers of nodes and links unchanged but rewires all of the links' positions in the fMENs so the sizes of networks are the same and the random rewired networks are comparable to the original ones. For each network identified in this study, a total of 100 randomly rewired networks were generated and all of the network indexes were calculated individually. Then, the average and standard deviation for each index of all of the random networks were obtained. The statistical Z test was used to test the differences between the indexes of the fMEN and random networks. Meanwhile, for comparisons of the network indexes under different conditions, the Student t test was employed using the standard deviations derived from corresponding random networks.
Gene significance based on a sample trait. In gene expression network analyses, gene significance (GS il ) is the correlation between the expression profile of the ith gene and the lth sample trait, T l (30) . The higher the GS il value, the more biologically significant is gene i with respect to sample trait l. In this study, gene significance was defined as follows:
where x i is the ith gene signal intensities i ʦ {1, ..., n} and T l is the lth sample trait (e.g., soil pH, N content, total plant biomass) [l ʦ {1, ..., q}]. Since the measurement units for different traits vary, all of the trait data were standardized before statistical analysis.
Massive soil and plant trait data from this long-term experimental site are available (20, 29, 41) as described above, and they were used for estimating gene significance. The coefficient of correlation between each gene and each soil or plant variable was calculated across 12 replicate samples under both eCO 2 and aCO 2 , respectively. Thus, the gene significance matrix, GS nxq , was obtained.
Relationships of microbial interaction networks with soil and plant variables. To discern the relationships between the fMENs and soil properties and plant variables, Mantel tests were performed. Since many unrelated individual variables could mask the signature of any significant variables, a common subset of soil or plant variables were selected for Mantel tests as follows. First, the correlations between the gene significance of the lth soil or plant variable (GS il ) and the connectivity of individual genes (k i ) were calculated across all of the genes detected. The statistical significances of these correlations were estimated based on P values. Second, all of the soil or plant variables with significant r values (P Ͻ 0.1) under either eCO 2 or aCO 2 were selected and combined as a common set of soil or plant variables for Mantel tests. The following soil variables were selected: the percentages of C or N at depths of 0 to 10, 10 to 20, 20 to 40, and 40 to 60 cm; the proportions of soil moisture at depths of 0 to 17, 42 to 59, and 83 to 100 cm; and soil pH. The following plant variables were also selected: total root biomass, percent belowground C, aboveground total biomass, aboveground N, aboveground C/N ratio, coarse roots 0 to 20 (g/m 2 ), annual root ingrowth fine roots (g/m 2 ), forb biomass, and biomass for four plant species, Amorpha canescens (legume), Andropogon gerardii (C4), Lespedeza capitata (legume), and Sorghastrum nutans (C4). In addition, simple or partial Mantel tests were performed for the connectivity of all of the genes detected and all of the selected soil or plant variables to examine the relationships between network structure (i.e., connectivity) and soil or plant variables. Mantel tests were performed using the programs available in the R vegan package (58) . We all contributed intellectual input and assistance to this study and manuscript preparation. The original concept, framework, and strategies were developed by J.Z. All of the data analyses and network construction were performed by Y.D. with help from F.L., Q.T., X.Z., and Z.H. J.Z. synthesized all of the data and wrote the paper with help from Y.D. and Z.H.
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